Abstract
Introduction

28
Contemporary climate change in the Arctic is so rapid that the ecosystem changes it causes can be 29 observed over ecological timescales (Post et al. 2009 ). While warming itself will alter the flows of 30 2 matter and energy through ecosystems, these changes can be heavily modulated by changes in the 31 functional composition of plant communities (Díaz et al. 2004) . Recent research has shown that 32 above-ground trait variation between plant species and communities can be compressed into two 33 independent trait axes: plant size and the leaf economics spectrum (Díaz et 
39
In any given landscape, the trait variation among species pools and communities can cover It is increasingly recognized that intraspecific trait variation (ITV) is both responsible for a 54 3 large fraction of trait variation between communities, and important for the outcomes of 55 ecological processes (Siefert et al. 2015) . However, further evidence is needed on whether this 56 variation has an effect on community trait-environment relationships. This is because even if ITV 57 is large and adaptive at the species level, species-specific responses do not necessarily scale up to 58 the community level (Lajoie and Vellend 2015) , in which case between-community differences in 59 functional composition caused by ITV would be random.
60
Here we study the causes of variation in functional composition of plant communities in a 61 tundra landscape. Our study focuses on the community weighted means (the functional markers in (moisture and pH), and maximum snow depth. To test if intraspecific variation in these traits 68 affects trait-environment relationships, we examine how aggregating the species trait data at 69 global, landscape, and local resolutions affects the strength of the trait-environment relationship.
70
Methods
71
Study site and abiotic variables 72
The study area is located in Kilpisjärvi, northwestern Finnish Lapland (N69.06°, E20.81°) with a 
102
We calculated average July air temperatures, growing season soil moisture levels, and 103 maximum snow depths for each location with random effects models using the R package lme4 
112
The average soil moisture and pH of the organic layer were highly correlated (ρ > 0.8). Hence,
113
we reduced them to their first principal component, which we hereafter refer to as the soil resource 114 axis. This axis accounts for over 83% of the overall variability.
115
Species composition and functional traits 116
We quantified vascular plant community composition in 143 locations with the point intercept 117 method, using a 20 cm diameter circular frame with 20 evenly spaced pinholes. An image of the 118 frame can be found in Appendix S1: Figure S3 . The frame was placed as close to the 119 environmental measurement plot as possible without disturbing the measurements (on average, 120 2.9 meters away). We measured the abundance of each species as the total number of times that taken and stored in a resealable plastic bag with moist paper towels. After each field day, the leaf 126 samples were stored at 4℃ for up to three days until further processing.
127
We weighed leaf samples for fresh mass using a precision scale, and scanned them at a 128 resolution of 600 dpi using a document scanner. The samples were then dried at 70℃ for 48 hours 129 and weighed for dry mass. We measured leaf area from the scanned leaf images using the were calculated for a community only if trait data was available for the species that formed over 140 90% of the total abundance of the community. All CWMs were log e -transformed before analyses.
141
Statistical analyses
142
All analyses were performed in R version 3.4.4 (R Core Team 2018).
143
We quantified the contributions of species turnover and ITV to CWM local in all 143 surveyed 144 plots using the method reported in Lepš et al. (2011) . Briefly, the method is based on partitioning 145 the variance of CWM local to effects from CWM landscape and ITV (CWM landscape -CWM local ). 
148
We modelled the responses of CWM global , CWM landscape , and CWM local to July mean 149 temperature, soil resources, and snow depth using version 1.8-27 of the mgcv package for 
155
We evaluated the predictive power of our models with leave-one-out cross-validation. That is, we The fitted CWM in a location is the sum of the modelled intercept and smooth terms in its 160 environmental conditions. To investigate which variables made the greates contribution to 161 explaining the CWMs, we calculated the unique contribution of each environmental variable to 
Results
167
The relative magnitude of ITV differed between traits (Figure 1 a) . Most of the variation (62%) in 168 community mean height was due to intraspecific variation, while variation in leaf traits was more 169 8 due to species turnover (83% and 47% of total variation for SLA and LDMC, respectively).
170
Turnover and intraspecific effects were correlated for LDMC. Thus, a large fraction of its variation 171 could not be uniquely partitioned (the joint partition in Figure 1 a) .
172
The cross-validation of GAMs in explaining trait CWMs showed that traits differed 173 significantly in how well they could be predicted from environmental conditions. Height models 174 attained the lowest (∼ 0.20) and SLA models the highest (∼ 0.45) predictive performances ( Figure   175 1 b). Predictive performance was dependent on trait measurement resolution. Different traits had 176 different optimal resolutions, but, on average, models calibrated using landscape resolution data 177 attained the highest predictive performance. This was due to the LDMC models, whose predictive 178 performance was significantly worse for both local and global resolution data.
179
For brevity, the following results consider CWM landscape only. The results for other trait 180 measurement resolutions, which are qualitatively similar, are presented in supplemental figures.
181
Each trait had a different environmental variable as the most influential predictor (Figure 1 c) .
182
July air temperature had the highest contribution to the explained variance in community mean 183 height, soil resources in LDMC, and snow depth in SLA. Variable importance for models using 184 CWM local and CWM global are presented in Appendix S1: Figure S4 . 
206
Our interpretation is that the high proportion of intraspecific variation in height is caused by the 207 contraction of interspecific height differences owing to limitation by temperature and grazing. 
214
Accounting for ITV, especially within the studied landscape, was not essential for predicting 215 community functional composition from environmental conditions. Height variation between 216 communities was relatively low (CWMs between 1-20 cm, Appendix S1: Figure S6 ). In addition, highly correlated with SLA, and in our data landscape resolution LDMC was more correlated 232 with SLA than local LDMC (Appendix S1: Figure S6 ). ITV in LDMC apparently consists of 233 plastic responses to local water availability, while environmental filtering seems to operate on 234 something which is more accurately captured by SLA and the landscape-level average LDMC.
235
Vegetation height was weakly explained by temperature, soil resources, and snow. In addition 236 to a positive temperature effect, our models identified a negative effect of deep snow on plant effects of snow on community position along the leaf economics spectrum is not as well studied.
250
We found a unimodal effect of snow depth on leaf economic traits, such that the highest SLA and 
261
The links between the changes in snow cover, snow depth, and temperatures in Arctic systems 262 are not simple (Niittynen et al. 2018) . While the duration of snow cover has declined by an 263 average of two to four days per decade, the rate of change varies across the Arctic (AMAP 2017).
264
Reduction in sea-ice cover causes increased precipitation in the Northern hemisphere, which may 265 even increase snowfall and maximum snow depth in many areas (Liu et al. 2012 ). This indicates 
